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ABSTRACT The equivalent consumption minimization strategy (ECMS) is a well-known energy management strategy for Hybrid Electric Vehicles (HEV). ECMS is very computationally efficient since it
yields an instantaneous optimal control. ECMS has been shown to minimize fuel consumption under certain
conditions. But, minimizing the fuel consumption often leads to excessive battery damage. This paper
introduces a new optimal control problem where the cost function includes terms for both fuel consumption
and battery aging. The Ah-throughput method is used to quantify battery aging. ECMS (with the appropriate
equivalence factor) is shown to also minimize the cost function that incorporates battery aging. Simulation
results show that the proposed aging ECMS algorithm significantly improves battery aging with little or no
fuel economy penalty compared to ordinary ECMS.
INDEX TERMS Battery aging, hybrid electric vehicle, energy management strategies, optimal control,
equivalent consumption minimization strategy.
I. INTRODUCTION

The Hybrid Electric Vehicles (HEVs), considered in this
paper, have two energy sources: combustible fuel and an electric battery. The Energy Management (EM) strategy determines how much of each source are used to satisfy the drivers
demands. The EM strategy impacts both fuel economy [1]
and battery aging [2]. The battery is an expensive component
of the HEV. Therefore, more and more studies of EM in HEV
applications have been considering improving the battery
aging [3]–[9].
Some well-studied energy management strategies for
HEVs are rule-based control (RBC) [10], the equivalent consumption minimization strategy (ECMS) [11], [12], model
predictive control [13], and dynamic programming [14].
RBC is computationally fast. Also, the design and implementation of RBC is intuitive for the expert designer.
However, improving performance of a RBC requires large
amounts of calibration work. Some studies have shown
that the performance of RBC is poor in comparison with
strategies like ECMS or model predictive control [15].
The associate editor coordinating the review of this manuscript and
approving it for publication was Xiaosong Hu
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Model predictive control yields close to the optimal fuel
economy [16], [17]. However, MPC requires prediction of
the power that will be demanded by the driver in the future.
Since many statistical factors affect the driver’s behavior, accurate estimation of the future demanded power is
challenging [18]. Dynamic programming yields the optimal fuel economy. However again, implementation of
dynamic programming also requires knowledge of the
future demanded power, and is intractable for real-time
applications [14].
ECMS is an instantaneous (greedy) optimization algorithm. The ECMS cost function includes fuel usage and also
applies a penalty for using battery power. The weighting
for this penalty is known as the equivalence factor. ECMS
can be derived using Pontryagin’s Minimum principle (PMP)
[19]. Thus, ECMS yields optimal fuel economy provided the
battery state of charge does not reach the limits [11]–[13].
But, determining the optimal equivalence factor requires
knowledge of the entire drive-cycle, a priori. This knowledge is not typically available. For practical applications, adaptive ECMS (A-ECMS) is proposed that
estimates the optimal ECMS equivalence factor [20].
A-ECMS also is used to maintain the battery state of
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charge within the constraints. In A-ECMS, the equivalence factor is calculated either with an instantaneous
estimation algorithm [21] or using a prediction-based
estimation [22].
The general ECMS cost function only considers the total
energy drawn from both fuel tank and the battery. Thus, even
though optimal controllers will improve the fuel economy,
these controllers may perform poorly with regard to battery life. To meet the driver’s demanded power, the control
strategy may charge or discharge the battery quickly and
frequently. This behavior has an undesirable effect on battery
life.
As stated in [23], [24], a high rate or depth of discharge or charge will shorten battery life. The Ah-throughput
battery aging method presented in [26], is introduced, modified, and modeled in this work. The Ah-throughput battery
aging model is semi-empirical. This model is also known as
a performance model. Compared to direct measurement [27],
equivalent circuit model [28], electrochemical model [29],
analytical model [30], and statistical method [31], the performance model yields better life prediction [32]. Since the
inputs used for EM are continuously measured or estimated,
the Ah-throughput method can also be used for real-time
monitoring.
The Ah-throughput method used in this work has been
modified compare to [2], [3], [7], [26]. The nominal values of C-rate and state of charge (SOC) identified in [2],
[3], [26], [36] are constants. But, these constants depend on
the driving conditions or drive cycle used to develop the
empirical model. Therefore, the results are not independent of
drive-cycle. Further, the calculation for severity factor
is drive-cycle or driving behavior dependent as well as
the normalized Ah-throughput. Note that the normalized
Ah-throughput will be used in the battery aging term of the
cost function which directly influences the optimal power
split. In this paper, these values have been modified to be the
average values over a combination of drive cycles. In addition, a heat-generation model has been added to estimate the
battery pack temperature.
As mentioned in [3], the battery size, described by the
available battery energy capacity, will affect the energy management of the HEV. In our previous papers [44], [45],
we also observed that the change of battery capacity due
to state of charge constraints or environment temperature
changes significantly influence ECMS performance. Therefore, the ratio between battery pack energy capacity and fuel
contained energy is considered when developing the cost
function.
Our previous work in [11] introduced upper and lower
bounds on the equivalence factor λ∗ , which are independent
of drive cycle and depend only on the average efficiency
values of the powertrain components. This work will show
that ECMS is still optimal if a battery aging term is added
to the Hamiltonian. In addition, the bounds on the equivalence factor are shown to still be applicable with the battery
aging term included. Lastly, it is verified that battery aging
VOLUME 8, 2020

is improved significantly by using the new Aging ECMS
algorithm.
The main contribution of this work is considered as: the
proposed formula of ECMS Hamiltonian equation with battery aging consideration which is drive-cycle independent;
and the proof of equivalence factor bounds in the aging
ECMS, which could be used for future adaptive ECMS equivalence factor control law.
This work is organized as follows: The plug-in HEV vehicle model and the general ECMS EM strategy are introduced
in Section II. In Section III, the battery aging model is
presented; the Aging ECMS problem formulation is introduced, and the ECMS optimal control is presented. Simulation results are shown in Section IV; and conclusions are
in Section V.
II. GENERAL ECMS EQUIVALENCE FACTOR BOUNDS
A. VEHICLE MODEL

Fig.1 shows the vehicle configuration used in this work. This
typical configuration of Parallel HEV coupled engine and
e-motor by a coupling belt then connected to the transmission
input shaft. Therefore, the vehicle could be operated in engine
only mode, battery only mode and hybrid mode.

FIGURE 1. Typical configuration of a Parallel HEV.

The driver uses the acceleration pedal or brake pedal
to control the driver’s demanded power PD to achieve the
desired speed. Therefore, the hard constraint of the EM strategy is set to meet PD at any given time t
PD = Pptr (t) + Pbrk (t)

(1)

where Pptr is the powertrain power provided by the internal combustion engine and/or the electric motor/generator
in watts. Pbrk is the power provided by the friction brake
system (W).
Assuming both the belt and the clutch, shown in Fig.1, have
no loss, then eq. (1) can be written:

Pem (t)

Brake, CoastPD ≤ 0 : Pbrk (t) = PD (t)−
ηtrs (rtrs (t))
PD (t)

Accelerate, CruisePD > 0 : Peng (t) =
−Pem (t)
ηtrs (rtrs (t))
(2)
where Pem is the net output power of the electric machine
and Peng is the net output power of the engine in watts.
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ηtrs is the total efficiency of the transmission which depends
on the gear ratio rtrs . Since PD is known in (2), the electric
motor power and the efficiencies, specify the engine power.
Therefore, only the net electric machine power and the gear
ratio are included in the control vector:
u (t) = [rtrs (t) Pem (t)]T

(3)

In our previous work [11], we have shown that λ∗
(the superscript ∗ denotes the optimal value) for a parallel
HEV lies within the range:
1
η̄em η̄inv η̄bat
≤ λ∗ ≤
Qlhv
Qlhv η̄eng

(12)

B. GENERAL ECMS

where Qlhv is the fuel lower heating value, and η̄em , η̄inv , η̄bat ,
and η̄eng are the average efficiency values of the e-machine,
inverter, battery, and engine respectively.

The optimal control that minimizes the fuel consumption is:
Z tf

u∗ = argmin
ṁfuel (x, u)dt
(4)

III. AGING ECMS
A. BATTERY AGING MODEL

u

0

where ṁf is the fuel mass flow rate (gram/s), tf is the time
at the end of drive-cycle, u is the vector of control actions,
u∗ is the vector of optimal control actions, and x is the state
variable. The control problem is subject to the following
constraints:
u ∈ U
PD (t) = Pptr (t) + Pbrk (t)
Pbat,C (x (t) , u (t))
ẋ = −
Qbat Vbat,oc (x (t))
SOCL ≤ x ≤ SOCH

(5)
(6)
(7)
(8)

Eq. (5) specifies that the control satisfies all constraints,
where U is the space of the admissible control actions that
do not violate any power or speed limit on any powertrain
components, like engine speed/torque limits, battery limits,
etc. Constraint (6) guarantees that driver’s demanded power
will be satisfied by u, and thus, the reference vehicle speed
will be tracked closely by the energy management strategy.
x is the battery SOC and (7) is the state equation of the
system, where Pbat,C is the total chemical power output from
the battery in Watts; Qbat is the battery capacity in Ah and
Vbat,oc is the battery pack open-circuit voltage in Volts. Eq (8)
specifies that the battery SOC is constrained to be between a
high SOC limit and low SOC limit.
The Hamiltonian for the optimal control problem specified
above is:
H = ṁfuel (u (t) , PD (t)) + p (t) ẋ (x (t) , u (t))
Pbat,C (x (t) , u (t))
= ṁfuel (u (t) , PD (t)) − p (t)
Qbat Vbat,oc (x (t))

(9)

where Eq. (7) is used to substitute for ẋ (x (t) , u (t)) to yield
the second expression. Since ṁfuel is independent of the
state x (t) and when constraints (8) are satisfied, Vbat,oc and
Pbat,C (x (t) , u (t)) are nearly independent of x (t). Therefore, the derivative of the Hamiltonian equation is approximately equal to zero.
∂H
≈ 0 ⇒ p∗ is a constant
(10)
∂x
Defining λ = −p/(Qbat Vbat,oc (x)), the Hamiltonian,
becomes the ECMS cost function:
ṗ∗ (t) = −

H = ṁfuel (u (t) , PD (t)) + λPbat,C (x (t) , u (t))
where λ is the ECMS equivalence factor.
204772

(11)

Battery SOC is calculated as the integral of battery current
Ibatt [26] plus the initial value of SOC0 .
Z t
1
Ibatt (τ ) dτ
(13)
SOC (t) = SOC0 −
Qbat 0
Battery capacity loss Qloss , in percentage, is [26], [32]:


Ea
Qloss = B ∗ exp −
(14)
(Ah)z
RTcell
Equation (14) is derived using the semi-empirical method.
Ea is the total activation energy in J·mol−1 , R is the universal
gas constant, Tcell is the battery cell temperature in Kelvin,
Ah is the total Ah-throughput in Ah, and z is the power-law
factor.
The power-law factor z is found by curve-fitting
of Eq. (15):
Ea
+ zln(Ah)
(15)
RT
See Wang [23]. Per Wang’s experimental data, z has a
constant value of 0.56 for temperatures 15, 45 and 60◦ C.
The environmental temperature used in this work
is 20 = 293.15 in K .
In equation (14), B is called the pre-exponential factor and
it is a function of SOC. The coefficient B is computed via
curve fitting from experimental data using the equation:
ln (Qloss ) = ln (B) −

B = α · SOC + β

(16)

where α and β are identified using experimental data. Ea is a
function of Ic , the C-rate, as follows:
Ea = −31700 + 163.3 · Ic

(17)

where Ic in hr −1 is given by:
Ic =

|Ibatt |
Qbatt

(18)

Now, the percentage of capacity loss is found by
substituting (16) and (17) into (14):


−31700+163.3 · Ic
Qloss% = (α · SOC + β)·exp
·Ahz
R · Tcell
(19)
Maxime’s state space model in [33] estimates the battery
cell temperature from the air temperature, battery current
and battery internal resistance. This state space temperature
VOLUME 8, 2020
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estimation model uses heat transfer and equivalent resistance
modeling. The state space model provided in [24] is:


2

Ṫcell = k1 Rbatt Ibatt − k4 (Tcell − Tsens )
Ṫsens = k2 (k4 (Tcell − Tsens ) − k5 (Tsens − Tcas )) (20)


Ṫcas = k3 (k5 (Tsens − Tcas ) − k6 (Tcas − Tair ))
where Tair is the external environment air temperature, Tcas
is the casing temperature outside of the battery pack, Tsens is
the sensor temperature inside the battery pack, and Tcell is the
temperature on the surface of the battery cell. An assumption
was made in this battery model that the heat generated by the
cell has been equally distributed inside the battery pack. The
parameters in (20) are calculated by:

1
1
1


k2 =
k3 =
k1 =
Cv1
Cv2
Cp3
(21)
1
1
1


k5 =
k6 =
k4 =
Reff 1
Reff 2
Reff 3
where Cv1 is the heat capacity at constant volume J/K of
the cell; Cv2 is the heat capacity of the air trapped inside
the battery pack; Cp3 is the heat capacity of the external air.
Reff 1 is the thermal resistance between the inside of the
battery pack and the outside of the battery cell (calculated by
the area swept by the cooling air and the heat transfer coefficient); Reff 2 is the thermal resistance between the outside of
the battery pack and the inside of the battery pack; Reff 3 is
the thermal resistance between the external environment
and the outside of the battery pack.
From [2], [26], the total Ah-throughput computed from the
nominal current Inom , is defined as the total charge contained
in the battery during its entire life:
Z EOL
|Inom (t)| dt
(22)
0=
0

The severity factor is defined as the ratio of the nominal theoretical total Ah-throughput to the actual total
Ah-throughput [35], [36], which contains the aging effects
of different operating load cycles. The severity factor will be
greater than one if the battery is carrying a more severe load,
otherwise, less than one [26]. Shorter battery life is expected
when the severity factor is greater than one.
R EOL
|Inom (t)| dt
0
σ (Ic , Tcell , SOC) =
= 0R EOL
(23)
γ (I , θ,SOC)
|I (t)| dt
0

A capacity loss of 20% from the original battery capacity is considered the end of life. The equation below (for
nominal total Ah-throughput) is calculated by setting Qloss %
equal to 20%, to find the value of Ah. The nominal total
Ah-throughput 0 is then:

1
z
20




(24)
0=
−31700+163.3·Ic,nom
(α · SOCnom + β) · exp
R·Tcell
where SOCnom , and Ic,nom are the nominal values of SOC
and Ic . The nominal values have been calculated based on the
VOLUME 8, 2020

average of the historical values. This throughput is defined in
terms of a nominal SOC and average C-rate. The actual total
Ah-throughput are calculated by the instantaneous SOC and
C-rate.
1

z
20


(25)
γ =
c (t)
(α · SOC(t)+β) · exp −31700+163.3·I
R·Tcell
The effective total Ah-throughput can be calculated by
integrating the severity factor times the absolute value of the
battery current [26], [35], [36].
Z t
Aheff (t) =
σ (Ic , Tcell , SOC) · |I (τ )|dτ
(26)
0

The effective Ah-throughput gives the battery life cost for
each drive cycle in Ampere-hours. The absolute value of current, used in (26), indicates that there is an implicit assumption that charging and discharging have the same impact on
battery aging. The battery is considered at its end of life when
Aheff reaches the value of 0 [2], [3], [26]. Thus, the battery
State of Health (SOH) is calculated as:


Aheff
SOH = 1 −
· 100%
(27)
0
A SOH equal to zero indicates that the battery capacity loss
has reached 20% and the battery is at its end of life. The initial
SOH for each drive cycle is assumed to be 100% in this paper.
B. AGING ECMS

The optimal control that minimizes the total fuel consumption
with consideration of battery aging degradation is written as:
Z tf

∗
˙
u = argmin
ṁfuel (x, u) + k · Aheff (σ, Ibat )dt
(28)
u

0

where k is the aging coefficient yields a compromise between
fuel consumption and battery aging. And again, ṁf is the fuel
˙ eff is the rate of effective Ahmass flow rate in gram/s, Ah
throughput, x is the state variable defined as state of charge,
u is the vector of control actions, u∗ is the optimized control
action, σ is the severity factor defined in equation (23),
and Ibat is the battery cell current. The control problem is
subject to following the constraints defined in equation or
inequalities (5)(6)(7)(8). Which guarantees that all constraints will not be violated by the control action u, driver’s
demanded power will be satisfied by u, the state equation of
the system is defined and within the limited bounds.
According to [14], the fundamental lemma of the calculus
of variations, the Hamiltonian equation can be optimized by
solving the costate variable, which will minimize the cost
function defined in equation (28).
˙ eff (x (t) , u (t))
H = ṁfuel (u (t) , PD (t)) + k · Ah
+ p (t) · ẋ (x (t) , u (t))

(29)

The derivative of effective Ah-throughput is obtained
from Eq. (26):
˙ eff (t) = σ (Ic (t) , Tcell (t) , x(t)) · |Ibat (t)|
Ah

(30)
204773
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Substituting equation (7) and (30) into equation (29) yields
the Hamiltonian:
H = ṁfuel (u (t) , PD (t)) + k · σ (Ic (t) , Tcell (t) , x(t))
Pbat,C (x (t) , u (t))
· |Ibat (t)| − p (t) ·
(31)
Qbat Vbat,oc (x (t))
where p (t) is the co-state, and it is defined as:
∂H
∂σ (Ic (t) , Tcell (t) , x (t))
= −k ·
· |Ibat (t)|
∂x
∂x
∂
|Ibat (t)|
− k · σ (Ic (t) , Tcell (t) , x (t))
∂x
∂ Pbat,C (x (t) , u (t))
+ p (t) ·
(32)
∂x Qbat · Vbat,oc (x (t))

ṗ (t) = −

Vbat,oc is almost constant in charge-sustaining
mode [41]–[43] within the SOC constraints defined in
equation (8), therefore, the last 2 terms in equation (32) are
independent of state variable x

∂
∂ Pbat,C (x (t) , u (t))


=0
 |Ibat (t)| =
∂x
∂x Vbat,oc (x (t))
∂ Pbat,C (x (t) , u (t))


=0

∂x Qbat · Vbat,oc (x (t))
Therefore,
∂σ (Ic (t) , Tcell (t) , x (t))
· |Ibat (t)| (33)
∂x
According to [35], [36], the derivative of the severity factor with respect to SOC is approximately zero within the
SOC constraints defined in (8), thus
∂H
ṗ (t) = −
≈ 0 ⇒ p∗ is constant
(34)
∂x
Hence, a constant value for the costate p still yields the
global optimal solution, as long as the constraints defined
in (8) are met.
Defining λ= −p/(Qbat Vbat,oc (x)), the Hamiltonian equation can be written as the ECMS cost function with an additional term that penalizes battery aging:
ṗ (t) = −k ·

˙ eff (x (t) , u (t))
H = ṁfuel (u (t) , PD (t)) + k · Ah
+ λ · Pbat,C (x (t) , u (t))

(35)

C. AGING COEFFICIENT K

The battery capacity affects the performance of the optimal
EMS as discussed in our previous papers [44], [45]. The
energy capacity ratio, defined
Ebat,cap ∗ ηbat
Euseful,bat
=
Euseful,fuel
Efuel,cap ∗ ηeng

(36)

represents the relative energy contribution of the battery and
the fuel. Less battery capacity results in a smaller hybridization ratio of the HEV, i. e., a smaller relative energy contribution of the battery compared to the fuel. This results in
battery fading having a smaller effect on performance. Also,
a smaller battery pack is less expensive compared to the entire
204774

u

where EBat,f is the equivalent battery energy capacity lost
due to battery fading, Eloss is the total powertrain lost energy
during the trip, and a = a0 · kR is proportional to k. Note
that a is used here because the change of variables in the
cost function results in a different value. But, a is still a
weighting factor that provides a tradeoff between battery
fading and powertrain efficiency. Note that a is a constant
in this work, but could be adaptively adjusted due to battery
capacity variation (fading) and temperature change in future
work.
The powertrain lost energy is:
(38)

Eloss = Efuel + Ebat,C − ED

where Efuel is the energy contained in the fuel consumed,
Ebat,C is the battery chemical energy consumed, and ED is
the driver demanded energy. So, the optimal control problem
can be given as:
n
o
u∗ = argmin a · E bat,f + E fuel + Ebat,C − ED
(39)
u

Energy is the integral of power, so
Z tf
˙ eff
Pfuel + Pbat,C + a · Ah
u∗ = argmin
0

· Vocv · 3600 − PD ) dt

From (34), the optimal value of λ is a constant [11], [12].

kR = REnergy,Cap =

vehicle. Therefore, it is expected that k should scale with the
energy capacity ratio. Simulations presented later in the paper
will bear out this assumption.
The optimal control is obtained by minimizing the Hamiltonian in Eq. (35) at every point in time [14]. Therefore,
we need to minimize a linear combination of the power used
and the fading power of the battery. The power used includes
both the power in the fuel and the power out of the battery.
Insight into the relative contribution of these terms can be
obtained by rewriting the optimal control problem in terms
of energy (and including the energy out of the battery):

u∗ = argmin a · Ebat,f + Eloss
(37)


(40)

where PD is the demanded power which is not controllable.
Therefore:
Z
∗
˙ eff · Vbat,oc
u = argmin
Pfuel + Pbat,C + a · Ah

· 3600) dt
Z
= argmin
ṁfuel · Qlhv + Pbat,C + a · Vbat,oc


˙
· 3600 · Aheff dt
(41)
Defining:
3600·V bat,oc
Qlhv
k = a0 · kR · k0

k0 =

(42)
(43)
VOLUME 8, 2020
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where k0 is for unit conversion. Therefore:
Z 
 
1
∗
˙
u = argmin
ṁfuel +
Pbat,C +k · Aheff dt
(44)
Qlhv
The values of k with different battery capacities are shown
in Table 1.

Therefore, this large value of λ cannot be optimal for
any drivecycle. An upper bound for λ∗ can be obtained by
decreasing of λ until use of the electric motors becomes
feasible. For instance, the battery only mode and the hybrid
mode will also have chance to be operated optimally.

∗
 
PD > 0 :H (ueom ) > H (ubom )
x = SOCH
⇒
(51)
or
λ = λMax


PD > 0 :H (ueom ) > H (u∗hm )

TABLE 1. Value of k in different battery pack size Honda
CIVIC IMA 13.2 gallons fuel tank.

D. BOUNDS OF THE AGING ECMS EQUIVALENCE FACTOR

Finding the optimal equivalence factor, in general, requires
solution of a two-point boundary value problem which
requires that the driver’s demanded power for the whole drive
be available at the start of the drive. But, comparing Eq. (44)
and (35) we see that λ= 1/Qlhv . Also, we expect that fuel
usage is minimized by maximizing the use of the battery
when ignoring the state of charge constraints. Therefore,
we expect that λ = 1/Qlhv will maximize the use of the
electric motors. This behavior is confirmed by the simulations
which show that this equivalence factor results in the battery
SOC quickly reaching the lower bound SOCL . A smaller
λ makes the battery energy even less valuable. Therefore,
the optimal value of
λopt = λMin

1
=
≤λ
Qlhv

(45)

When the ECMS equivalence factor is large, the penalty for
using electrical power is high and ECMS tends to charge the
battery up to SOC = SOCH . In this case, the vehicle operates
in fuel only mode for most of the trip. When SOC is at the
upper bond, the control action u is

x = SOCH
H⇒u ∈ {ueom } ∪ {ubom } ∪ {uhm } (46)
PD > 0
where ueom is the control action in engine only mode, ubom is
in battery only mode, and uhm is in hybrid mode. Then, the
Hamiltonian equations for these modes are shown below



˙ eff x, u∗eom
(47)
H u∗eom = ṁfuel u∗eom , PD + k · Ah



∗
∗
∗
˙
H ubom = λPbat,C x, ubom + k · Aheff x, ubom (48)



H u∗hm = ṁfuel u∗hm , PD + λPbat,C x, u∗hm

˙ eff x, u∗hm
+ k · Ah
(49)
where u∗ represents all the admissible control actions. When
λ approaches infinity, then based on equation (35), the ECMS
will never discharge the battery, because the cost of using
the battery will always be higher than the cost of using fuel.
Consequently, the vehicle will always be in engine only mode
VOLUME 8, 2020

for any PD > 0, and the SOC will stay at the upper limit since
the battery is charged by Engine.


∗

PD > 0 : H (ueom ) < H (ubom )
x = SOCH 
1
⇒
(50)
and
λ



∗
Qlhv
PD > 0 : H (ueom ) < H (uhm )

The inequalities above shows that the upper bound of λ
should allow battery discharging to be optimal. So λMax =
min(λMax1 , λMax2 ), where λMax1 is the upper bond λ value
during battery only mode, λMax2 is the upper bond λ value
during hybrid mode.
When λ = λMax and SOC = SOCH , λMax1 is calculated
having battery only mode be more efficient than engine only
mode (have a smaller Hamiltonian):
H (ueom ) > H (ubom )
˙ eff (x, ueom )
ṁfuel (ueom , PD ) + k · Ah
∗
˙ eff (x, ubom )
> λ Pbat,C (x, ubom ) + k · Ah
Therefore,
λ∗ ≤

˙ eff (x, ueom )−k · Ah
˙ eff (x, ubom )
ṁfuel (ueom , PD )+k · Ah
Pbat,C (x, ubom )
(52)

In engine only mode (λ is very large), there will be few
(only when the batteries are required to meet drivers demand)
opportunities to use battery power. Therefore, the cost of the
˙ eff (x, ueom ) = 0. In addition, when λ is
aging term k · Ah
relatively large, there is again limited opportunity to use the
˙ eff (x, ubom ) is approximately zero when λ
battery. So, k · Ah
is relatively large. Therefore, equation (52) is approximately
λ∗ ≤

ṁfuel (ueom , PD )
Pbat,C (x, ubom )

(53)

Then
λMax1 =

PD /ηtrs (u∗eom )
Qlhv ηeng (u∗eom )

PD /ηtrs (u∗bom )/ηem u∗bom ηinv

⇒ λMax1



u∗bom ηbat u∗bom
η̄em η̄inv η̄bat
=
(54)
Qlhv η̄eng

where ηtrs is the transmission efficiency, ηeng is the engine
efficiency, ηem is the e-machine efficiency, ηinv is the inverter
efficiency, and ηbat is the battery efficiency. And η̄ is the
average efficiency of the powertrain component.
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FIGURE 2. Combined drive cycles, vehicle speed, 1 kWh Fuel Economy Equivalent vs equivalence factors, 1 kWh Battery remaining State of Health
vs equivalence factors. (a) CD1: UDDS+HWFET+UDDS; (b) CD2: UDDS+HWFET+US06; (c) CD3: US06+SC03+HWFET.

The second inequality in (51) requires that,
λ∗ ≤

ṁfuel (ueom , PD ) − ṁfuel (uhm , PD )
Pbat,C (x, uhm )

(55)

Therefor
(

λMax2 =

(
)

∗
∗
PD /ηtrs (u∗
eom ) − PD /ηtrs (ueom )−Pem uhm
Qlhv η̄eng u∗
Qlhv η̄eng u∗
( eom )
hm
Pem u∗hm

( )



η̄en u∗hm η̄inv u∗hm η̄bat u∗hm
⇒ λMax2 =

)

η̄em η̄inv η̄bat
Qlhv η̄eng

(56)

Therefore, the bounds of the equivalence factor for ECMS,
given in Eq. (12), are still valid bounds for the equivalence
factor in Aging ECMS.
IV. SIMULATION RESULTS

ECMS is a causal controller with a fixed equivalence factor
since no information about the future driving conditions is
being used to estimate λ [39]. Thus, the final SOC is not
controllable. As a result, when comparing simulation results,
the equivalent Miles per Gallon (MPGe) is employed. MPGe
allows us to examine the total consumed energy and account
for different final SOC values.
MPGe, as defined in [37] and used in [38], can be
calculated by
MPGe =
204776

Distance
Gallonsfuel + GallonsEquivalent

(57)

where GallonsEquivalent is gallons of gasoline equivalent to the
consumed electric energy:
EM
Gallonsequivalent =
(58)
EG
and EM is total electric energy consumed, EG is energy
content per gallon of gasoline 32600Wh/gallon.
The Honda Civic IMA with the configuration shown
in Fig.1 is used in this work. The detailed vehicle specifications are shown in Table 2. Three battery packs
with 1 kWh, 2 kWh, and 4 kWh have been simulated to
show the performance of the proposed ECMS with Aging
consideration.
Three types of Combined Drive-cycles (CDs) have been
tested for each simulation. These CDs were created by
appending standard drive cycles in a sequence, as follows:
CD1: UDDS, HWFET, and UDDS
CD2: UDDS, HWFET, and US06
CD3: US06, SC03, and HWFET
These CDs simulate different types of daily driving behaviors, utilizing different percentages of highway, city, or country driving. Fig. 2 shows the vehicle speed for these three
CDs. Fig. 2a includes the most of city driving with a total
distance of 25.26 miles. Fig. 2b includes a balance between
city and highway driving with a total distance of 25.77 miles.
Fig. 2c includes the most highway driving with a total distance of 21.87 miles.
Fig. 2 also shows the MPGe and battery remaining state
of health (SOH) across all equivalence factors within the
bounds. When λ= 1/Qlhv , the aging ECMS operates in electric only mode, the battery discharges at the beginning of
VOLUME 8, 2020
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TABLE 2. Vehicle specification Honda Civic IMA parallel HEV.

TABLE 3. Optimal equivalence factor simulation results.

TABLE 4. Simulation results of the performance.

the drive cycle, and the SOC remains at the lower constraint SOCL in the rest of the drive cycle. When λ= 4/Qlhv ,
the aging ECMS operates in engine only mode, the battery
charges at the beginning of the drive cycle, and the SOC
remains at the upper constraint SOCH . Therefore, the MPGe
is lower at the values close to the equivalence factor bounds.
When λ/Qlhv equals around 2.5 to 3.5, the aging ECMS
operates in more hybrid mode, which causes more battery damage (fast charging-discharging events) and provides
better fuel economy. As shown in Fig. 2, the aging ECMS
algorithm significantly improves the battery SOH, especially
at equivalence factors where the vehicle is operating in hybrid
mode, for all three drive cycles. In addition, there is only
a small fuel economy penalty all cases. Using 2 kWh and
4 kWh battery packs generated similar overall results.
Table 3 and Table 4 shows the optimal penalty factor
for each combined drive cycle with 1 kWh, 2 kWh and
4 kWh battery packs. The MPGe and remaining SOH of
both general ECMS and Aging ECMS are compared. The
optimal equivalence factor which yields the best MPGe for
both general ECMS and Aging ECMS are picked. As stated
before, the MPGe has been picked to compare, because the
causal ECMS and Aging ECMS algorithms cannot control
the final SOC.
As shown in Table 4, aging ECMS saved 0.073% of battery
aging in a 25.26 miles drive which traded off from 75.7 MPGe
to 72.32 MPGe. Assume the price for gasoline is $3 per
gallon and the cost to replace the battery pack is $207 per
1kWh battery [40] plus a $200 replacement labor cost. Table 5
shows the economic performance comparison between general ECMS and aging ECMS. Fuel cost showed in Table 5 is
calculated based on
CD Distance
Fuel Cost =
· FuelPrice
(59)
MPGe
The battery cost is calculated from
Battery Cost = (1 − SOH ) · Battery Replacement (60)
The total cost comparison is shown in Table 6.
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TABLE 5. Economic performance simulation results.

The smaller battery pack combined with more city driving saved the most total cost. This is because city driving
requires the battery to be used more frequently for charging,
discharging, regenerative braking and electric only operation.
The smaller battery pack has smaller electric energy capacity
compared to the energy capacity of the fuel tank. The smaller
energy capacity requires more rapid changes in SOC, and
quicker and more frequently charge discharge cycles. On the
other hand, the total cost with the larger battery pack is less
than with the smaller battery pack in the same drive cycle.
Battery cost in CD1 is larger than in other drive cycles
in both general ECMS and aging ECMS. However, the
204777
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FIGURE 3. CD1 Performance, State of Charge, Severity Factor, State of Health and Battery temperature. (a) 1 kWh battery pack; (b) 2 kWh battery
pack; (c) 4 kWh battery pack.

FIGURE 4. CD2 Performance, State of Charge, Severity Factor, State of Health and Battery temperature. (a) 1 kWh battery pack; (b) 2 kWh battery
pack; (c) 4 kWh battery pack.

differences in CD1 of the battery cost are all smaller than
other CDs in aging ECMS compare to general ECMS as
shown in Table 5. CD2 has the largest cost of all battery packs, which is because the relatively longer distance of this drive cycle and less MPGe caused by the
higher percentage of highway driving. CD3 is the drive
cycle with the highest percentage of highway drives, which
resulted the least MPGe in both general ECMS and aging
ECMS. With 2 kWh and 4 kWh battery packs and the
CD3 drive cycle, the cost of general ECMS is less than
204778

the aging ECMS. This is because in highway driving, less
battery power is used, and the aging ECMS is not able to
implement many control actions. However, the remaining
SOH in CD3 is higher than other drive cycles as shown
in Table 6.
Figs. 3, 4 and 5 shows the SOC variation, severity
factor, SOH degradation, and battery temperature changes
for 1 kWh, 2 kWh, 4 kWh battery packs in the three CDs.
The optimal equivalence factor shown in Table 3 are picked
and plotted.
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FIGURE 5. CD3 Performance, Performance, State of Charge, Severity Factor, State of Health and Battery temperature. (a) 1 kWh battery pack;
(b) 2 kWh battery pack; (c) 4 kWh battery pack.

TABLE 6. Economic performance total cost.

of the battery around 1400 seconds in CD2 and 1200 seconds
in CD3. According to Fig. 2(b) and (c), this is caused by the
rapid acceleration request from the driver. The battery has to
provide a large amount of power to fully meet the demanded
power from the driver.
V. CONCLUSION AND FUTURE WORKS

It is obviously in Fig. 3 that the smaller battery pack
has more rapid changes in State of Charge. In Fig. 3(a),
aging ECMS takes the action to reduce the rapid chargedischarge cycles around 1800 seconds, and the severity factor
and SOH plots shows that general ECMS produced critical
damage during this time. In addition, Temperature plots also
shows the temperature increases due to increased current.
In Fig. 3(b) and (c), the amount of output current is the same,
but the increase capacity of the battery leads to a smaller
variation in SOC. The rapid increase in power demand is still
the same, however, the requested power per battery cell has
been reduced.
As shown in Fig. 4 and Fig.5, aging ECMS attempted
to save battery life by reducing the ripples of the state of
charge, which can also be seen in the temperature curve. All
temperature plots show that aging ECMS generated less heat
than general ECMS, which is because the total amount of
discharges out from the battery is less compared to general
ECMS. Similarly, SOH is decreased by the rapid discharge
VOLUME 8, 2020

This paper introduces the aging ECMS control algorithm
with a fixed equivalence factor. The Ah-throughput method
has been used as the aging term in the ECMS cost function
with regardless of the drive cycles. The aging coefficient has
been found and correlated to the battery energy capacity the
vehicle. This paper demonstrates that the equivalence factor
in this algorithm is a constant. In addition, it is shown that
with the new aging term added to ECMS, the bounds on
the equivalence factor remain the same as for ECMS. The
aging ECMS optimal controller presented does not require
prediction or knowledge of future driving actions, which is
causal controller for on-line applications.
From the simulation results, the performance of the aging
ECMS algorithm significantly increased the battery life with
little penalty to the fuel economy.
The bounds on the equivalence factor presented should
also prove useful for designing new types of Adaptive-ECMS
algorithms that incorporate battery aging considerations.
APPENDIX

In the vehicle model showed in Fig. 1, the total chemical
power out of the battery pack Pbat,C is defined:
Pbat,C = Vbat,OC (x (t)) Ibat (t)
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where Vbat,OC is the open-circuit voltage, Ibat is the battery pack current, x (t) is the state of charge (SOC), Where
Qbat is the total battery capacity in Amp · sec.
The electric machine used in this work is a Honda IMA
10kW electric motor. The electric machine and the inverter
have been modeled as a single component based on a function
of torque Tem and motor speed ωem . Equation below given the
function of the power request of electric machine Pem .

The engine used in this brief is the Honda IMA 60 kW
4 cylinders engine. The engine output power Peng is calculated from the power contained in fuel Pfuel which is given
by equation below, and the engine efficiency map as shown
in Fig. 7.

Pem = Tem · ωem · ηem (Tem , ωem )
where ηem is the electric machine efficiency given by the
steady-state map related to Tem and ωem as shown in Fig. 6.

FIGURE 7. Engine efficiency map.

The fuel flow rate is given by a steady state map as shown
in Fig. 8, which is a function of engine torque Teng and engine
speed ωeng .
Peng = ηeng · Pfuel = ηeng · Qlhv · ṁfuel (Teng , ωeng )
FIGURE 6. Motor efficiency map.

The transmission used in this brief is the Honda IMA 5 gear
automated transmission. The transmission specifications for
gear ratio rtrs are shown in Table 7 below.
TABLE 7. Honda IMA automatic transmission gear ratios.

The final drive efficiency is set to 0.98, and the transmission gear shifting efficiency is set to 0.95.
The transmission shifting logic is based on the control
action determined by the optimization strategy as well as the
engine clutch control logic. When driver demanded power
PD is received, the ECMS calculates all the possible range
of control actions, then based on the possible control actions,
the consumed power has been calculated. Different transmission gear ratio is included in the options for consumed power.
The ECMS then determine if the options of control actions
are admissible, and calculates the cost of all the admissible
controls, then choose the least cost control action option
for vehicle’s next step operation. Therefore, the transmission
control is completed within the control actions selection by
the ECMS as well as the clutch control.
204780

FIGURE 8. Engine fuel flow rate map.

where ηeng if the engine efficiency, Pfuel is the power contained in fuel with respect to the fuel flow rate ṁfuel . Teng is
the engine torque, and ωeng is the engine speed in RPM.
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